ABSTRACT The current spectral indices for estimating urban biophysical compositions still have several limitations. First, most of those indices can highlight one urban biophysical composition, such as impervious surfaces, vegetation, or water. Furthermore, most of those indices depend on short-and mid-wave infrared and thermal infrared bands and thus have limited availability in high-resolution imagery. Finally, the separability between impervious surfaces and bare soil still needs to improve. Therefore, this paper proposed a combinational biophysical composition index (CBCI) for effective highlighting the four-major urban biophysical compositions. Correlation analyses were performed to estimate the relationship between the CBCI values and biophysical compositions, and the spectral discrimination index (SDI) was conducted to test the separability degree between impervious surfaces and bare soil. Moreover, normalized difference vegetation index (NDVI), normalized difference building index, BCI, and the combinational build-up index were utilized to perform the comparative analyses. Moreover, this paper investigated the applicability of the CBCI in different spatial resolution remote sensing images. Our results indicated that the CBCI had a much closer relationship with impervious surface fraction than the other four indices and had a stronger correlation with vegetation abundances when compared with the NDVI. In addition, the CBCI had much higher SDI values than the other indices. This paper proved that the CBCI was an effective index for highlighting the four-major urban biophysical compositions and had good performance for separating impervious surfaces and bare soil.
I. INTRODUCTION
During the past several decades, the world has experienced rapid urbanization, and the land surface covers of urban areas have drastically changed. Especially, impervious surfaces have experienced rapid expansions [1] , [2] . The forests, grasslands, and croplands of urban areas have been converted to impervious surfaces. Impervious surfaces are typical anthropogenic urban land uses that prevent water soak into soil including rooftops, parking lots, roads, driveways, and sidewalks [3] . It also has a significant impact on biogeochemical cycles and urban environment such as high surface runoff [4] , [5] , air pollution [6] , [7] , the transportation of water pollutants [8] , the degradation in water quality [9] , [10] , and urban heat islands [11] . Therefore, impervious surfaces can be considered as a key indicator of the urban environment [12] .
Remote sensing techniques provide an effective approach to investigate the expansion of impervious surfaces and understand urban environments [13] . In the last several years, a host of impervious surfaces extraction methods have been developed from satellite imagery at various spatial scales. These methods can be grouped into three categories. The first category is composed of spectral unmixing techniques [20] - [23] . Based on the assumption that a pixel's spectrum consists of the spectra of various ground components, the areal fractional coverage of each land cover types can be developed from the spectral mixture analysis (SMA) approach. The second category includes machine learning methods, for example, the regression/decision tree method, artificial neural network (ANN), and regression modeling [14] - [19] . These methods establish an empirical relationship according to the collected simples with different spectral and spatial characteristics and then apply its empirical relationship to extract urban biophysical compositions from remote sensing imagery. These two categories were developed following the vegetation-impervious surface-soil (VIS) model proposed by Ridd [24] . The VIS model divides the urban land cover types into three major urban biophysical compositions: vegetation, impervious surface, and soil, but excluding water body. The third category is an object-based method [25] - [28] . This method was proposed to estimate impervious surfaces distribution based on the spectral, spatial, and texture characteristics in high spatial resolution imagery. All of the methods in the three categories are always reliant on the quality of the training and testing samples, and the selection of which might be influenced by subjective factors during the process of model building and validation. In addition, these methods have limitations when applied to mapping urban biophysical compositions in large geographic areas due to its complicated and computationally intensive process [3] .
Spectral indices have the advantages of effective implementation, are parameter-free and convenient in the applications of land surface information extractions. Therefore, spectral indices have been widely applied in mapping a specific land cover on a large scale [29] . At present, a variety of spectral indices have been proposed including the urban index (UI) [30] , impervious surface area index, normalized difference built-up index (NDBI) [31] , index-based built-up index (IBI) [32] , normalized difference impervious surface index (NDISI) [33] , vegetation index built-up index (VIBI) [34] , enhanced built-up and bareness index (EBBI) [35] , biophysical composition index (BCI) [36] , builtup area extraction method (BAEM OLI ) [37] , and the combinational build-up index (CBI) [38] . Although these spectral indices perform well to some degree, challenges and limitations still exist. Most of the spectral indices were developed to highlight a specific land cover type, and confusing the other land cover types. For instance, the NDVI was designed to extract vegetation abundance; however, it confuses impervious surfaces and bare soil. In addition, the NDBI was proposed to enhance built-up areas, with which, impervious surfaces are still confused with bare soil. Subsequently, to address the mentioned problem, the BCI and CBI were developed based on the VIS model. Although the two indices able to highlight three major urban biophysical compositions, water bodies are required to first be masked out. Finally, the spectrums of impervious surfaces and vegetation have a high contrast in the thermal infrared (TIR) band, thus several impervious surfaces indices rely on the TIR and short-and mid-wave infrared (SMIR) bands, which generates a limitation of its applicability in high spatial resolution images such as the NDBI, IBI, NDISI, and EBBI.
This study proposed a simple and convenient spectral index, the CBCI, to highlight and separate urban biophysical compositions including impervious surfaces, vegetation, bare soil, and water. It also further explored the availability of the CBCI in various spatial resolution remote sensing images, especially in high spatial resolution imagery that exclude the SMIR and TIR bands. The other portions of this article are organized as follows. Section 2 introduces the study area and data. The methodology of the CBCI development and assessment of the CBCI's performance in representing urban biophysical compositions are described in Section 3. Section 4 reports the results of using the CBCI with Landsat 8 OLI, GF-1 PMS, and MODIS imagery. Comparative studies with the BCI, CBI, NDBI, and NDVI, are analyzed in Section 5, and discussions are presented in Section 6. Finally, this paper draws a conclude in Section 7.
II. STUDY AREA AND DATA

A. STUDY AREA
In this study, we selected Guangzhou as the study area to access the performance of the proposed index. Guangzhou, the capital city of Guangdong Province in Southern China, is located on the Pearl River about 120 km north-northwest of Hong Kong and 145 km north of Macau with an area of 7434 km 2 . In 2016, the population of Guangzhou reached 14.043 million people, with an average growth rate of 1.23%. Economically, the gross domestic product (GDP) of this city was 1961.09 billion RMB in 2016. Guangzhou has a humid subtropical climate influenced by the East Asian monsoon. Summers are wet with high temperatures, high humidity, and a high heat index. Winters are mild and comparatively dry. The annual mean temperature of Guangzhou is 22.6 • C and the annual rainfall in the metropolitan area is over 1700 m.
B. DATA USED
This study utilized three categories of remote sensing image with different spatial and spectral resolutions to assess the performance of proposed index. A Landsat 8 OLI image was acquired on February 7 2016, which had eight multispectral bands with a spatial resolution of 30 m. The Gaofen-1 (GF-1) PMS image used for comparison was taken on February 8 2016, this image had three RGB (red, green and blue) bands and a near-infrared (NIR) band with a spatial resolution of 8 m. In addition, a Moderate Resolution Imaging Spectroradiometer (MODIS) MOD09GHK product was acquired in 2015 with a resolution of 500 m. Moreover, to estimate the performance of the application of the proposed index to the high spatial resolution image, a Gaofen-2 (GF-2) PMS image used for collecting ground truth was taken on January 23 2016, which had three RGB bands and a near-infrared (NIR) band with a spatial resolution of 0.8 m. Furthermore, to examine the performance of the CBCI with the MODIS imagery, we obtained the 2015 China's Land Use/Cover Datasets (CLUDs) produced using the Landsat TM/ETM+ and HJ-1A/1B imagery with a spatial resolution of 30 m [39] - [42] . The CLUDs data were employed to acquire the impervious surfaces fractions and vegetation abundances. Finally, a Landsat 8 OLI imagery obtained on October 18 2015 was used for estimating the performance of the CBCI in different soil conditions. A Universal Transverse Mercator (UTM) projection with zone 49 and WGS84 datum was employed for all the remote sensing images.
C. DATA PROCESSING
All the images were preformed geometric and orthographic corrections and rectified to the Universal Transverse Mercator (UTM) projection with zone 49. Furthermore, all bands of the remote sensing image used in this study were clipped to the study area boundary. In addition, to remove the impact of scattering and absorption on the used images and enhance the contrast of impervious surfaces and the soil, radiometric calibration and atmospheric correction were carried out for each image [43] , [44] . The digital numbers (DNs) of all bands were converted to reflectance. The conversion parameters were obtained from the respective metadata files downloaded along with the satellite data.
III. METHOD
By and large, the reflectance of soil has a relatively low value in the blue band. However, it increases gradually with wavelength through the visible and near-infrared bands. Organic matter has a significant impact on the reflectance of soil. In particular, humus compounds can decrease soil reflectance due to its a dark color. Water is another important factor for decreasing the reflectance, an increase of the moisture content leads to a decrease trend of the reflectance. For the reflectance of impervious surfaces, a decreasing tendency can be observed from the blue channel to the green channel. However, it increases from the red to short-wave infrared (SWIR) band (see figure 2a) . Moreover, different materials influence the reflectance of impervious surfaces. Bright impervious surfaces including concrete roads and bright roofs made by glass, metal, and plastic, have relatively high reflectance throughout the spectrum. In contrast, dark impervious surfaces including asphalt roads, parking lots, and dark roofs have relatively low reflectance. Therefore, we proposed the CBCI that applied the green, red, and NIR channels (wavelength of 0.525-0.600 um, 0.630-0.680 um, and 0.845-0.885 um, respectively) based on reflectance value to extract the urban biophysical compositions including impervious surfaces, vegetation, bare soil, and water body.
A. MODIFIED BARE SOIL INDEX (MBSI) DERIVED BARE SOIL IMAGE
Due to the high complexity of the spectral pattern between the impervious surfaces and bare land, this study tried to highlight the characteristic of bare soil to distinguish impervious surfaces and bare land. Therefore, the training samples of impervious surfaces, bare soil, vegetation, and water were collected on the study area. Additionally, a study on the behaviors of the mean reflectance values was carried out for bands 1-7 (figure 2a). As figure 2a shows, the subtraction of bands 4 and 3 resulted in positive values for bare soil and resulted in negative values for the other three land cover types. Therefore, we developed a modified bare soil index (MBSI) to discriminate bare soil from other land cover types.
where ρRed and ρGreen are the reflectance of the red and green bands, respectively; and 2 is a correction factor which can be used to enhance the distinction of bare soil and the other three biophysical compositions.
B. OPTIMIZED SOIL ADJUSTED VEGETATION INDEX (OSAVI) DERIVED VEGETATION IMAGE
The MBSI can be used to highlight bare soil, but the results confuse the signal of impervious surfaces, vegetation, and water, especially between the impervious surfaces and vegetation. Therefore, an optimized soil adjusted vegetation index (OSAVI) was carried out to enhance the vegetation information in remote sensing imagery. The OSAVI was developed by Rondeaux et al. (1996) [45] using bidirectional reflectance in the near-infrared (NIR) and red bands, which found an optimized value to improve the sensitivity of the vegetation index to the soil background and atmospheric effects. The OSAVI is calculated using the following equation:
where ρNIR and ρRed are the reflectance of the near-infrared and red band, respectively.
C. COMBINATIONAL BIOPHYSICAL COMPOSITION INDEX (CBCI) DERIVED URBAN BIOPHYSICAL COMPOSITIONS IMAGE
To obtain enhanced discrimination between the impervious surfaces, bare soil, vegetation, and water, we combined the above two indices to generate a new index, namely the combinational biophysical composition index (CBCI) by using a linear equation.
where A is correction factors, calculated by liner regression, which is employed to increase the value of the MBSI and decrease the value of the OSAVI. For the various soil conditions, the value of A was adjusted to acquire an optimal result. The higher the level of soil moisture and organic matter, the greater the value of A acquired. In this study, 0.51 was selected as the optimal value to enhance the discrimination of the impervious surfaces, bare soil, vegetation, and water.
D. EXAMINING THE CORRELATION BETWEEN THE CBCI AND TWO LAND COVER ABUNDANCES
With the aim of assessing the performance of the CBCI in revealing the biophysical compositions in an urban environment, we first conducted correlation analysis to quantify the relationship of the CBCI values with the impervious surfaces and vegetation fractions. GF-2 PMS imagery was employed to derive ground truth information which was obtained by visual interpretation and manual digitization. In addition, CLUDs data were employed to acquire the impervious surfaces fractions and vegetation abundances, which were used to assess the performance of the CBCI with MODIS imagery.
E. EVALUATING THE SEPARABILITY BETWEEN IMPERVIOUS SURFACES AND BARE SOIL
The accurate quantification of bare soil from a highresolution image is complicated due to seasonal variations and its inherent mixture with vegetation [20] . Therefore, in this study we employed the spectral discrimination index (SDI) to displace the correlation analysis [46] , [47] . The SDI measures the degree of separability between two classes which relies on two factors: inter-group variance and intragroup variance. The equation of SDI as follows:
where SDI INDEX is the SDI value for a certain index; µ i and µ s are the average index values of two classes; σ i and σ s are the standard deviations of a certain index for the two classes. The SDI examines the separability between the two classes, good separability is indicated by a value greater than one, while poor separability is denoted by a value less than one. In addition, the histograms of impervious surfaces and bare soil were utilized to indicate the degree of separation between these two classes at different resolutions. To derive ground truth information, a random sampling method was applied to collect 200 samples for pure pixels of impervious surfaces and bare soil from the GF-2 PMS imagery.
F. COMPARATIVE ANALYSIS WITH OTHER INDICES
To assess the performance of the CBCI in representing the four major biophysical compositions (impervious surfaces, soil, vegetation, and water body) in urban areas, four other indices, the NDVI [48] , NDBI, BCI, and CBI were employed to conduct a comparative analysis. The NDVI and NDBI are widely used classical spectral indices. In particular, the NDVI as the classic vegetation index, was employed to compare the performance of revealing vegetation with the CBCI. Moreover, the BCI and CBI show good performance in distinguishing three major urban land cover types (impervious surfaces, soil, and vegetation) in some special spatial resolutions. Hence, these two indices were employed to compare the performance of highlighting three major urban biophysical compositions with the CBCI. Specifically, the NDBI requires the SWIR band, hence, the NDBI cannot be calculated for the GF-1 PMS imagery due to the limitation of spectral bands. In addition to the MODIS imagery, we did not conduct the BCI and CBI for this imagery. The availability of each index for Landsat 8 OLI, GF-1 PMS and MODIS imagery is shown in table 1. The equations of these four indices as follows:
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where ρRED, ρNIR, and ρSWIR are the reflectance of red, near-infrared, shortwave infrared bands, respectively; TC1, TC2, and TC3 are the first three components of the Tasseled Cap (TC) transformation; PC1 is the first component of a principal component analysis; the NDWI is the normalized water index proposed by Gao [49] ; and the SAVI is the soiladjusted vegetation index developed by Huete [50] .
IV. RESULTS
A. LANDSAT 8 OLI MBSI AND GF-1 PMS MBSI
With the Landsat 8 OLI imagery, the result of the MBSI illustrated that bare soils had the lowest positive values and were highlighted as a dark tone (figure 3b). However, confusion between the bare soil and the light impervious surfaces could be observed. Furthermore, impervious surfaces, vegetation, and water had a moderate degree of confusion. Similarly, the same problems existed in the GF-1 PMS MBSI imagery (figure 3c). Therefore, the OSAVI, which was conducted to enhance the signal of vegetation, was regarded as a component to reduce the confusion among urban biophysical compositions.
B. LANDSAT 8 OLI CBCI
As illustrated in figure 4b , the result of the Landsat 8 OLI CBCI image indicated that water bodies had the highest positive values and were displayed as a white tone. Impervious surfaces including bright impervious surfaces and dark impervious surfaces had the second highest positive values and were characterized as a light gray tone. Furthermore, soils and mixed land covers (including mixed pixels among the vegetation and bare soil, vegetation, and impervious surfaces, and all three major components) had the second lowest positive values and were indicated as a medium gray tone. Moreover, dark and bright vegetation, (e.g., forest, shrub, and artificial grassland, etc.), had the lowest positive values, and were highlighted as dark gray and black. Moreover, a correlation analysis was performed, which was used to reveal the correlation degree between the CBCI results and each land cover fraction. A significant and positive correlation between the CBCI values and the percentages of impervious surfaces was observed in figure 8g (R = 0.8196, p ≤ 0.01). Furthermore, a strong negative correlation (R = -0.8397, p ≤ 0.01) between the CBCI values and vegetation fractions was also found (see figure 9a ). In addition, to evaluate the degree of separation between the impervious surfaces and bare soil, the histograms of the two classes were derived and the SDI value was calculated. Figure 10a illustrates that good separability between the impervious surfaces and bare soil was determined by a peak in the histogram of impervious surfaces at approximately 1.82, and another peak in the histogram of bare soil at approximately 1.75. Finally, good separability between these two classes was indicated by a high SDI value of 1.089 (see Table 2 ). Another Landsat 8 OLI image that acquired on October 18 2015 was employed to assess the performance of the CBCI with various soil conditions. This image was taken in the rainy season, and the level of soil moisture was higher than that of the dry season. The OLI CBCI imagery acquired in the rainy season is displayed in figure 5b, which was calculated by the A of 0.84. figure 5c illustrates that the histograms of impervious surfaces and bare soil had high separability, and the value of SDI was 1.038. This proves that the CBCI had good performance with various soil conditions.
C. GF-1 PMS CBCI
With the PMS imagery, the resultant CBCI image was acquired (see figure 6b) . Similarly, waters were displayed as a white tone and had the highest positive values. Impervious surfaces were indicated as a light gray tone and had the second highest negative values. Moreover, soils and mixed land covers were characterized as a medium gray tone and had the third highest negative values. Vegetation were displayed as dark gray and black tones and had the lowest positive values. Furthermore, the results of the correlation analyses (figure 8a) denoted that the relationship between the impervious surface fractions and the CBCI results showed a strong positive correlation (R = 0.8225, p ≤ 0.01). Moreover, figure 9g indicated that a significant and negative correlation between the vegetation fractions and the CBCI values was discerned (R = -0.8513, p ≤ 0.01). As shown in figure 10f , the histograms of both the impervious surfaces and bare soil had a higher-degree of separability, which was indicated by small overlaps between their histograms. The histogram of the impervious surfaces had a peak at approximately -0.07, while the histogram of bare soil had a peak at approximately −0.13. Furthermore, a high SDI value of 1.153 denoted that impervious surfaces and bare soil had a high degree of separability (see Table 2 ).
D. MODIS CBCI
The result of the MODIS CBCI is shown in figure 7b, which indicated that water bodies had the highest positive values and were displayed as a white tone. Impervious surfaces were highlighted as a light gray tone and had the second highest positive values. Vegetation were illustrated as a dark tone and had the lowest positive values. Other mixed pixels, which consisted of impervious surfaces, bare soil, and vegetation, were characterized as a medium gray tone, and had the second lowest positive values. The resultant scatterplot in figure 8d indicated that impervious surface fractions and the MODIS CBCI values had a statistically significant and positive correlation with the correlation coefficient of 0.7945 (p ≤ 0.01). Moreover, a strong and negative relationship between vegetation abundances and the MODIS CBCI values is shown in figure 9f , and its correlation coefficient is −0.8269 (p ≤ 0.01). Due to seasonal land cover changes and mixed pixels, pure soil and impervious surfaces pixels were acquired with difficulty from the MODIS imagery. Therefore, this study did not calculate the SDI value for the MDOIS imagery. 
V. COMPARATIVE ANALYSES WITH OTHER INDICES
The comparative analyses were conducted at different spatial resolutions with the purpose of evaluating the performance of the proposed index. Four other indices including the CBI, BCI, NDBI, and NDVI were employed to perform the comparative analyses. The availability of each index for Landsat 8 OLI, GF-1 PMS and MODIS imagery is shown in Table 1 . Correlation analyses were conducted at four other indices, which were used to indicate the relationship between certain index values and two major biophysical compositions (i.e., impervious surfaces and vegetation). Moreover, the SDI was applied to examine the separability between impervious surfaces and bare soil.
A. COMPARISON OF NDVI
Three different spatial resolution NDVI images are displayed in figure 4e, 6d, and 7d, respectively. Note that a reverse color ramp was adopted for each NDVI map to carry out consistent visual examinations and comparisons with other index maps. The Landsat 8 OLI NDVI image had a strong negative correlation between the NDVI values and impervious surface fractions (see figure 8k) , which was indicated by a relatively lower correlation coefficient of −0.5784 (p ≤ 0.01). Meanwhile, the correlation coefficient of the NDVI was lower than that of the CBCI due to the severe confusion between impervious surfaces and bare soil, both of which were characterized as a dark gray tone. Moreover, a relatively lower SDI value (0.0926) also proved the poor separability between those two land covers. In addition, figure 10e shows that the histogram of impervious surfaces almost completely overlapped that of bare soil. In contrast, a significant and positive correlation between the NDVI values and vegetation fractions was found (figure 9d) with a high correlation coefficient of 0.8461 (p ≤ 0.01).
The GF-1 PMS NDVI (see figure 6d ) image illustrated that impervious surfaces and bare soil were displayed as a light gray tone, which was supported by a very low score of the SDI value (0.241). Furthermore, the histograms of impervious surfaces and bare soil had severe overlaps (figure 10h). Thus, the correlation between the NDVI values and impervious surface fractions displayed a negative correlation (figure 8c) with a relatively lower correlation coefficient (−0.5244, p ≤ 0.01) when compared to the CBCI. In contrast, a significant positive correlation between the NDVI values and vegetation abundances was found (see figure 9i), which was indicated by a high correlation coefficient (0.8539, p ≤ 0.01). The MODIS NDVI image shown in figure 7d, which indicates that water bodies had the highest positive values, were displayed as a white tone. Impervious surfaces were highlighted as a gray tone and had the second highest positive values. Moreover, the mixed pixels were displayed as a dark gray tone and had the second lowest values. In addition, the vegetation was illustrated as a dark tone, and had the lowest positive values. Therefore, the NDVI values had a statistically significant and negative correlation with impervious surfaces (figure 8f) with a correlation coefficient of −0.7122 (p ≤ 0.01). On the other hand, the relationship between the MODIS NDVI values and vegetation abundances had a strong positive correlation (figure 9e) with a correlation coefficient of 0.8227 (p ≤ 0.01).
B. COMPARISON OF BCI
The BCI applied to the OLI and PMS images, where the water bodies had a moderate degree of confusion with impervious surfaces and bare soil. This confusion is due to the VIS model lacked the consideration of water in urban biophysical compositions. Hence, the water body needed to be masked out by using NDWI. The results of the BCI are shown in figure 4c and 6c, respectively. With the Landsat 8 OLI BCI image, it was observed that severe confusion existed between the dark impervious surface and bare soil, and both two land covers were displayed as a dark gray tone. However, the bright impervious surface was highlighted with a white tone, which had the highest positive values. Moreover, correlation analysis indicated that a statistically significant and positive correlation between the BCI values and impervious surface fractions could be found (figure 8h) with a relatively lower correlation coefficient (0.6533, p ≤ 0.01). Obviously, it was not as strong as the correlation between the CBCI values and impervious surface fractions. Although a strong negative correlation between the BCI values and vegetation fractions was observed (see figure 9b ) with a correlation coefficient of -0.7496 (p ≤ 0.01), it was slightly lower than that of the CBCI. Furthermore, the BCI histograms between the impervious surfaces and bare soil revealed apparent overlaps (figure 10b) as well as the SDI value (0.415) of the BCI was also lower than that of the CBCI.
In contrast to the Landsat 8 OLI BCI image, the GF-1 PMS BCI image (figure 6c) had good separability between the impervious surfaces and bare soil as the impervious surfaces were displayed as a gray tone, whereas the bare soils were highlighted as a dark gray tone. Furthermore, when the correlation analysis was conducted between the BCI values and impervious surface fractions (see figure 8b) , it was found that, although the BCI had a relatively higher and statistically significant positive correlation coefficient (0.7982, p ≤ 0.01), it was still slightly lower than the CBCI. Moreover, the relatively higher SDI value (1.024) of the BCI was also lower than that of the CBCI, which was supported by the small overlaps of the histograms between the impervious surfaces and bare soil ( figure 10g) . Additionally, the BCI and vegetation fraction had a strong and negative correlation (figure 9h) with a higher correlation coefficient (-0.7646, p ≤ 0.01).
C. COMPARISON OF CBI
The GF-1 PMS imagery had four bands, which were unable to perform principal component analysis (PCA) to acquire an appropriate principal component for the calculation of the CBI. Thus, only the Landsat 8 OLI imagery was applied to calculate the CBI in this study. As the result shown in figure 4d , the Landsat 8 OLI CBI map did not reflect the proportion and distribution of the impervious surfaces appropriately in the study area. Impervious surfaces and bare soil were displayed as a dark gray tone, while vegetation was highlighted as a dark tone. Moreover, the CBI values had a significant and positive correlation with impervious surfaces (figure 8i), but the correlation coefficient (0.7555, p ≤ 0.01) was lower than those of the CBCI and BCI. Further analysis of the separability between impervious surfaces and bare soil (see figure 10c) found a poor separability though the obvious overlaps of the histograms between these two land covers had a very low score of SDI value (0.349). Furthermore, a significant and negative correlation between CBI and vegetation fraction (figure 9c) indicated by a relatively higher correlation coefficient of −0.806 (p ≤ 0.01).
D. COMPARISON OF NDBI
The NDBI could not also be applied to the GF-1 PMS imagery due to the absence of the SWIR band. The NDBI image derived from the Landsat 8 OLI is displayed in figure 4e . The resultant image showed that it was difficult to distinguish between the impervious surfaces and bare soil, both of which were highlighted as a light gray tone. Moreover, the relationship between the NDBI values and impervious surface fractions had a statistically significant and positive correlation (figure 8j) with a relatively lower correlation coefficient (0.6366, p ≤ 0.01) when compared to those of the CBCI, BCI, and CBI. In addition, the histograms of NDBI between the impervious surfaces and bare soil displayed obvious overlaps (see figure 10d) , which was supported by a relatively lower score of the SDI value (0.082). This observation indicates that the NDBI image had severe confusion between the impervious surfaces and bare soil. In the MODIS NDBI image (figure 7c), the impervious surfaces had severe confusions with the bare soils. In addition, the scatterplot (figure 8e) between the MODIS NDBI values and impervious surface fractions illustrated a strong and positive correlation with a correlation coefficient of 0.7326 (p ≤ 0.01).
VI. DISCUSSION
The proposed new index aimed to provide a simple and convenient spectral enhancement approach. First, we developed the MBSI to identify bare soil from the urban environment. Although the bare soil was highlighted, other land covers were confused. Second, the CBCI was proposed to tackle the problem of confusion among other biophysical compositions. The CBCI could distinguish four major biophysical compositions in the urban environment including impervious surfaces, vegetation, bare soil, and water. Correlation analyses indicated that the CBCI had a statistically significant and positive correlation with the impervious surface fractions, and a strong negative association with vegetation abundances at different spatial resolutions. Moreover, the CBCI showed good performance in discriminating bare soil from impervious surfaces, especially in the high spatial resolution imagery, which is one of the major problems of applying spectral indices in mapping urban biophysical compositions [51] . In addition, the index does not rely on SWIR and TIR bands, thus this index can be applied to various spatial resolution images, especially at high spatial resolutions. Furthermore, the CBCI had good separability between the water and other biophysical compositions. Therefore, when compared to the BCI and CBI, the per-processing step of masking out water pixels can be omitted when the CBCI is employed to extract urban land covers. Finally, the CBCI can be used to assist a wide range of studies including land use land cover change detection, urban growth analysis, urban environment study, etc.
The performance of the CBCI at a high spatial resolution was better than that at a moderate and low spatial resolution. figure 9e suggests that the histograms of impervious surfaces and bare soil had moderate overlaps with the Landsat 8 OLI image due to the spectral homogeneity and mixed-pixels in an urban environment. The moderate degree of separation between the bare soil and impervious surfaces was also indicated by a SDI value of 1.089. Furthermore, the MODIS CBCI values had a relatively lower correlation coefficient (0.7945) with impervious surfaces fractions. These results proved that spectral similarity between impervious surfaces and bare soil remain the major problem for mapping biophysical compositions using moderate and low spatial resolution images. In contrast, good separability was observed in figure 9a, which was caused by the high-purity pixels in the high spatial resolution imagery (GF-1 PMS). Moreover, in the urban environment, spectral confusion was reduced to a certain degree in high spatial resolution imagery, which was supported by a very high SDI value of 1.153. Therefore, using high spatial resolution imagery can improve the performance of the CBCI, specifically, Landsat 8 OLI imagery that can obtain a higher spatial resolution data by merging its multispectral data and panchromatic data. The comparative analyses between the CBCI and other four spectral indices indicated that the CBCI had better separability between bare soil and impervious surfaces than the other four spectral indices at both low, moderate, and high resolutions. The good performance of the proposed index was due to its first highlighting the bare soil, and then enhancing the separation between the impervious surfaces, vegetation, and water. More recently, several spectral indices have been proposed to highlight bare soil and separate it from impervious surfaces [52] - [55] . However, those indices depend on the SMIR or TIR band which generates a limitation in the availability of indices for high spatial resolution images.
Although, in this study the CBCI revealed an acceptable performance, the proposed index still has some limitations. First, the CBCI has a good performance to separate bare soil form urban areas or forest. However, a poor performance was found in sandy areas, most likely due to the high similarity of spectral between sand and bright impervious surfaces. Furthermore, the effectiveness of the CBCI needs to be examined using different kinds of remote sensing images at various study sites. In addition, the value of the correction factor of the CBCI has a significant influence on the performance of the CBCI. Therefore, an optimal value of correction factor should be determined in the future work to suit various conditions. Finally, in this study, the Landsat 8 OLI, the GF-1 PMS, and MODIS data were employed to test the performance of the CBCI, and it needs further examine its applicability with other high spatial resolution remote sensing imagery such as Quick Brid, SPOT, etc.
VII. CONCLUSIONS
The rapid expansion of impervious surfaces has had a significant impact on the urban ecological environment. Therefore, estimating the distribution and fraction of each urban biophysical composition is important for regional sustainable planning and environment management. This study proposed a new CBCI index that intends to separate four major urban biophysical compositions including impervious surfaces, vegetation, bare soil, and water. Moreover, this index applies green, red, and the NIR bands, hence it can be employed in several spatial resolution images, especially in high spatial resolution imagery. For enhancing the signal of bare soil, we first proposed the MBSI, which was able to highlight bare soil and generate confusion among the other land cover types. Second, we regard the OSAVI as a component to construct the CBCI, with the purposes of reducing the impact of vegetation on impervious surfaces and separating four major urban biophysical compositions.
Analyses of the CBCI results at three different spatial resolutions, several conclusions are drawn. First, the correlation analyses indicated that the CBCI had a statistically significant and positive correlation with the impervious surface fractions, with the three highest correlation coefficients at three different spatial resolutions when compared to the other four spectral indices (e.g., NDVI, NDBI, CBI, and BCI). Furthermore, the correlation coefficient of the BCI was slightly lower than that of the CBCI when applied in GF-1 PMS imagery. Second, when compared to the NDVI, the CBCI also had a stronger correlation with vegetation abundances, with a high correlation coefficient range between 0.7965 and 0.8432. Finally, the CBCI always had the highest SDI values at two different spatial resolutions (e.g., Landsat 8 OLI and GF-1 PMS). These results prove that the CBCI is an effective index for highlighting four major urban biophysical compositions and performed well in separating impervious surfaces and bare soil. Meanwhile, the proposed index can provide basic data to further understand urban environment and its dynamics. YULING MA received the bachelor's degree in geographic information science from the School of Tourism and Geography, Yunnan Normal University, Kunming, China, in 2017. She is currently a Graduate Student with the School of Tourism and Geographic Science, Yunnan Normal University. Her research interests include remote sensing image processing, land-cover mapping, and study on the relationship between impervious surface and land surface temperature.
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